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Abstract
The main objective of this research is to understand whether or not previous Data Quality (DQ) frameworks are
still applicable in today’s organisational environment characterised by a wide variety of data types, including
the unstructured data. The paper describes a pilot study conducted in a global imaging company with the
researchers adopting and re-examining a previously developed data quality framework, used in a number of
different research studies for more than a decade. The study focuses on two research questions: Are the existing
data quality frameworks developed for highly structured data, still applicable to today’s organisational
environment? Do users’ perceptions of data quality change depending on data type? The paper reports on the
main findings and offers some suggestions for future research.
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INTRODUCTION
New technologies made it possible for organisations to collect, store and process huge volumes of data, from
more sources, in more formats and at a greater speed than ever before. This trend is likely to continue, due to
rapid advances and proliferation of advanced business analytics technologies “know-how” across all industry
sectors.
However, “new technologies are collecting more data than ever before, yet many organisations are still looking
for better ways to obtain value from their data and compete in the marketplace” (LaValle et al. 2011). Data value
is intrinsically linked to data quality as suggested by Eckerson. “High quality data is critical to success in the
Information Age” (Eckerson 2002) and therefore helps derive competitiveness. As the perceived importance of
data increases, the data-related challenges now facing organisations are becoming even more complex, as
information flows now span different functional departments, organisations or even industries.
While data quality remains a great challenge in the world of highly structured data, the unprecedented influx of
unstructured data makes it even more complex. Various industry sources suggest that the unstructured data, now
ranging from documents, audio and videos to social media data, constitutes more than 85% of organisational data
(May, 2011, IBM as quoted by Abai 2006). Some predictions have been made that the unstructured data will
become even more prevalent than traditional structured (relational) data, yet this valuable source of insights
remains underutilised (McKendrick, 2011). Failure to consider all these data types is to ignore a deep and rich
source of potentially actionable intelligence. At the same time, it is important to understand DQ as perceived by
users. Failure to do that could be costly for organisations leading to misinformed decisions and lost opportunities
irrespective of the data type (Redman 1998). Therefore, it is important to understand how data users now
perceive data quality in the more complex world of heterogonous data beyond those stored by transactional
databases and data warehouses.
There is already very extensive and prominent research focusing on user perceived DQ, such as Wang and Strong
(1996), Wand and Wang (1996), Price and Shanks (2005), Huh et al. (1990) and Fox et al. (1994). However, this
previous work focuses on DQ in the world of highly structured data that was in existence at the time these
important research studies were completed. We posit that in the new world of Big data, with new data types
being prevalent and increasingly used in the organisational context, it is necessary to re-examine prior research
through fresh lenses and assess the possibility of re-using well established DQ frameworks or creating a case for
new ones.
Critical to this will be the re-evaluation of our existing knowledge and assumptions on user perceived DQ versus
real world practice to establish if there is a disconnect between the two. Lee (2010) describes this as a divide
between “espoused theory” versus “theory in use”. Commentary of Lee’s article by Lundeberg (2010) offers that,
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“These two levels are not necessarily contradictory. They are just different levels of abstraction” whereby, richer
insights can be gleaned through the combination rather than isolation of different abstractions (Lundeberg 2010).
Therefore further investigation could have the potential to extend the valuable contribution of prior research or
open up future research challenges requiring new frameworks and theories.
The main objective of this research is to understand if previous DQ frameworks are still applicable in today’s
organisational environment characterised by a wide variety of data types, including unstructured data. The
intermediary goal is to raise awareness of these frameworks across structured and unstructured data in an
organisational context among the research and practitioner communities.
Thus, focusing on user perception of data quality, we proceeded to adopt a previously developed DQ framework
by Wang and Strong (1996). This framework was deemed appropriate, as it has been previously validated by
other research in understanding user perceived DQ (Eppler and Wittig 2000). The framework and the associated
survey instrument were adapted (i.e. replicated in part with some extensions) in our project to conduct a research
study in a large organisation utilising a wide variety of structured and unstructured data. This paper describes the
main outcome of a pilot study conducted from July-Nov 2012, with one of the researchers having the role of a
researcher-practitioner in the case organisation.
The pilot study, reported in this paper, was guided by the following two research questions:
RQ1: Are the existing data quality frameworks developed for highly structured data, still applicable to today’s
organisational environment?
RQ2: Do users’ perceptions of data quality change depending on data type?
This study reveals two interesting insights. First and foremost, while end users were using a variety of data types,
both structured and unstructured in performing their daily roles, their perception of DQ was found to be different,
depending upon the data type being utilised. Furthermore, while some attributes of DQ included in the original
framework by Wang and Strong (1996) remained important, a number of new attributes have emerged, with some
being derived by the researchers from the open-ended questions. These insights suggest that as DQ frameworks
are only applicable to a certain degree, further research is needed.
The remainder of this paper is structured as follows. The next section provides details of the related work on user
perceived DQ, followed by the section focusing on the theoretical foundations for this study. After offering a
brief profile of the organisation studied, the subsequent sections describe our research method followed by the
main findings. The discussion section outlines our reflection on the survey instrument developed by Wang and
Strong and our insights obtained from its adoption and necessary extensions. Finally, the paper presents some
conclusions, study limitations and proposed direction for future research.

RELATED WORK
There are various definitions of DQ where quality is defined by a number of characteristics, however it is
necessary to understand the “entity that’s assumed to have a property called quality” (Lillrank 2003), in this
instance data. Considering the reliance and abundance of data in an organisational environment there is a lack of
consensus on how to define data (Fox et al. 1994). This difficulty is further complicated by the improved
organisational capability to utilise a wide variety of unstructured data (Eckerson 2011). For the purpose of this
research data is considered structured if it is record-based, stored in transactional databases, data warehouses and
electronic spreadsheets with clearly defined format and precise metadata that define its content. Contrary to
record-based structured data, current literature offers many definitions of unstructured and semi-structured data.
For example, Varadarajan and Soundarapandian (2013) use the term unstructured data to describe textual data
including tweets, Facebook comments, chat text, or text data captured by CRM systems. Turban et al. (2011)
considers data to be unstructured, if it does not have a predefined format. Eckerson (2011) goes beyond textual
data and includes audio and video data by saying that “Most of the new data is actually semi-structured in format,
because it consists of headers followed by text strings. Pure unstructured data, such as audio and video data, has
limited textual content and is more difficult to parse and analyse, but it is also growing” (Eckerson 2011, p.6).
For the purposes of this research we use the term “unstructured data” to describe heterogeneous data that are not
record-based and that do not have clearly defined metadata describing their structure and content. Examples
include text and document based data, as well as pictures, audios and video files.
Current literature offers two possible approaches to determining data quality subjective and objective. A
subjective approach focuses on end users whereas objective tends to be system defined. Although bi-polar in
nature, framework development tends to occur along a continuum of these two extremes to convey DQ
characteristics. Described as multi-dimensional (Madnick et al. 2003; Klein 1999; Zhou et al. 2006) DQ is
defined by numerous characteristics, however “there is little consensus on what constitutes a complete and yet
parsimonious set of information quality dimensions” (Nelson et al. 2005). Consequently, there is a widely
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adopted view that DQ is considered as being “fitness for use” from an end user’s perspective (Lee 2003; Ballou
and Tayi 1998; Wang and Strong 1996; Gorla et al. 2010).
Wand and Wang (1996) take an ontological perspective in the classification of DQ characteristics, proposing it is
necessary to provide a “design oriented definition of DQ that will reflect the intended use of the information” by
comparing values in a system to their true real world values. They offer four intrinsic (system-oriented) DQ
dimensions complete, unambiguous, meaningful and correct (Wand and Wang 1996).
Price and Shanks (2005) use semiotics to integrate both objective and subjective views of quality. Their
framework consists of three levels: syntactic, semantic, and pragmatic whereby the syntactic level considers the
conformance to database rules, while semantic deals with information related to external phenomena and the
pragmatic level considers how suitable data is for use.
Huh et al (1990) identify four characteristics of DQ: accuracy, completeness, consistency and currency based on
their research conducted within AT&T. Based on their findings the researchers offer that subjective opinions
need to be translated to objective criteria directly related to the performance of relevant processes (Huh et al.
1990). A similar list of characteristics is, also provided by Fox et al. (1994) albeit in the context of data values.
All these research studies make valuable contributions and provide a very solid base for DQ researchers and
organisations to explore and understand user perceived DQ. However, it is also possible to observe that the
reported literature has very limited consideration of different data types. As organisations progress in the
utilisation of a variety of data types, it is necessary to re-examine the existing DQ frameworks in today’s
organisational environment, as intended by our research.

THEORETICAL FRAMEWORK
As previously stated, in our work we adopted a data quality framework previously developed by Wang and
Strong (1996) and subsequently adopted by other researcher. Wang and Strong (1996) focus on aspects of data
quality that are important to data consumers. They developed a hierarchical framework that grouped end-users
perceptions into four categories as shown in Table 1. The Intrinsic category focuses on data values, as perceived
by data users. The Contextual category looks at the data in relation to the requirements for a specified task. The
Representational focuses on data format and meaning and finally the Accessibility category assesses data quality
in terms of access and security of the data. This framework was then used as a basis for the design of the survey
instrument, also adopted in part for our research, as described later in the paper.
Table 1: Wang and Strong (1996) Conceptual Framework of Data Quality
DQ Category

DQ Dimension

Intrinsic

Believability, Accuracy, Objectivity, Reputation

Contextual

Value Added, Relevancy, Timeliness, Completeness, Appropriate amount of data

Representational

Interpretability, Ease of Understanding, Representational Consistency, Concise Representation

Accessibility

Accessibility, Access Security

Wang and Strong (1996) stated that “a single empirical study is never sufficient to validate the completeness of a
framework, further research is needed to apply this framework in specific work contexts”. In response, this
framework has also been adopted by other research when exploring end-users perceptions of DQ. Examples
include research by (Strong et al. 1997; Gendron and Onofrio 2001; Klein 2001 and Najjar and Bishu 2005).
Although these studies adopted the same framework, the approach and level of granularity in testing the
dimensions were different from the original study. Klein (2001) tested the same dimensions and attributes of the
framework but findings are aggregated to the dimension level as opposed to attribute. Najjar and Bishu (2005)
used questions developed by MIT’s Total Data Quality Management (TDQM) programme to test overall
dimensions rather than the specific attributes of the dimensions; Gendron and Onofrio (2001) also tested the
relevancy at the dimension level as did Strong et al. (1997) via “qualitative data collection and analysis
techniques”. A limitation of these approaches is that findings are engineered to pre-existing criteria; whereas this
pilot study provides value in identifying if attributes have shifted or if new ones are now considered important to
end users.
Gendron and Onofrio (2001) and Wang and Strong (1996) both support the need to apply the framework in
multiple contexts. With our pilot study being based within the Imaging industry, we envisage that our research
could provide a greater depth of knowledge with a different industry focus, compared to previous adoptions of
the same framework.
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The subsequent adoptions of the same Wang and Strong (1996) framework confirm its adaptability and
applicability, across different domains and industries. This framework therefore “offers both a solid foundation in
existing literature and practical applications” (Eppler and Wittig 2000). Additionally, it also adopts the same
subjective approach to defining DQ as “fit for use” from the end users perspective as intended in our project.
Therefore, the Wang and Strong (1996) framework is an appropriate theoretical lens to answer the stated
research questions.
It is important to observe that the original framework and its subsequent adoptions by (Strong et al. 1997),
(Gendron and Onofrio 2001) and (Najjar and Bishu 2005) researched data quality in the early-to-mid 2000’s, in
essence focusing on highly structured data available in use at that point in time. Therefore the validity of the
Wang and Strong (1996) framework is yet to be re-evaluated in an organisational environment where there is an
increasing usage of a variety of data types including unstructured data, as defined in this project. Although Klein
(2001) does progress towards, bridging the gap albeit by only looking at unstructured data from Internet sources
and not in the context of an organisational environment.
A discrepancy therefore exists as the variety of data types has expanded over the past 17 years, since the
introduction of the original framework. Yet, based on the very comprehensive and recent literature review
(Anstiss and Marjanovic 2012), it is possible to confirm that our current knowledge foundation and perceptional
understanding of DQ remains unchanged. Furthermore, it is being largely based on the accessibility of data types
well before the wide proliferation of new types of unstructured data used by today’s organisations. As
information value is now derived from structured and unstructured data, it is necessary to re-examine the
previously established body of knowledge on user perceived DQ in today’s more heterogeneous data-intensive
organisational context. This pilot study does this by focusing on an organisation utilising both structured and
unstructured data with the aim to progress knowledge of a known organisational concern over a period of time in
a different context.

STUDY CONTEXT
The identified research questions were investigated in a single case organisation, operating in the Imaging
industry, here named Company X. This company was selected on the basis of its utilisation of, and reliance on a
multitude of data types (structured and unstructured) providing the necessary parameters for this pilot study.
Furthermore, with one of the researchers being employed by the case organisation it was possible to gain access
and gain better insights based on a deeper contextual understanding. Selection of the case organisation may infer
a bias towards the use of unstructured data because of its operating industry. However, this is a non-issue due to
advances in and diminishing costs of technology creating a more ‘level playing field’ in organisational
accessibility and potential utilisation of a variety of data types.
Although specific factual data concerning the organisation cannot be provided, in order to protect their identity, a
brief profile is provided below in Table 2.
Table 2: Company X Organisational Profile
Industry

Imaging

Purpose

Professional and Consumer Imaging Solutions

Operating Coverage

Global

Although operating globally the scope was confined to Australia as shown by Table 3.
Table 3: Company X Australian Case Profile
Australian Coverage

National

Number of Australian Employees

>1,000

Study Sites

Brisbane, Sydney, Melbourne, Perth

Study Functional Areas

Digital Services & Communication; Finance/Accounting; Marketing;
Planning; Sales

The study focused on employees working on the retail side of Company X in the identified functional areas
above in Table 3, as they provide a good cross section of data users, utilising structured and unstructured data on
a daily basis to perform their role in serving internal and external customers. To engage these employees to
participate permission was obtained from the Director of the retail division of Company X.
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RESEARCH METHODOLOGY
To investigate the identified research question this section discusses our research method, depicted by Figure 1.

Figure 1: Research Method

Analysis lens
The Wang and Strong (1996) framework provides the analysis lens linking the findings of the case study to the
identified research questions. For the purpose of this study only the first question of the second data quality
survey instrument used by Wang and Strong (1996) was used and was supplemented with additional closed and
open-ended questions to obtain more contextual data.
All questions were asked in the context of respondent’s current working environment. To measure users’
perceptions the first question of the second survey of Wang and Strong (1996) was used as it provided a sub-list
of the attributes they incorporated in the development of their framework. This question was asked in two
different contexts, firstly as per the original survey across all data types and secondly specific to unstructured
data to identify any variation in responses when data type was isolated. However, in the second survey instrument
used by Wang and Strong, there were no open-ended questions allowing the respondents to express their thoughts
about DQ and provide additional insights. Therefore, this pilot study provides additional value by adding openended questions to obtain richer insights.
Firstly, our extensions are envisaged to help identify unconsidered attributes or new terminology. Secondly by
combing closed and open-ended questions in one study it allows the respondents to share their views and
opinions pertaining to a specific context. Other closed ended questions regarding respondents’ understanding of
data type and usage were added to the survey, these were not based on the Wang and Strong (1996) survey.
Wang and Strong (1996) identified a flaw in their methodology by not including “definitions with the attributes,
it is possible that data consumers responding to the surveys could interpret the meanings of the attributes
differently”. Although this flaw is acknowledged it was not corrected for the following reasons, firstly to ensure
consistency of the findings and secondly a level of interpretation will always be a factor due to the subjective
approach taken.
To test the level of importance respondents were required to select a single attribute that corresponded to each of
the 9 points of the Likert scale with 1 being extremely important to 9 not important, this differs to the original
survey where respondents were required to rate the importance of each attribute. The merits of this question’s
design to ascertain if attribute importance is different will probably be questioned. However as a pilot study this
method provides an initial assessment of a gap in research and an indication of the feasibility to expand this pilot
study. A noted limitation of using a varying scale of importance means that responses could potentially be
positively skewed and this distortion may be exaggerated due to a case study approach and a small sample size.
Table 4 below compares the second survey by Wang and Strong (1996) and our adopted survey design.
Table 4: Survey Design Comparison
Question Context
All Data Types*
(*Available at the time each
survey was conducted)
Wang and
(1996)

Strong

Pilot Study (2012)

Unstructured
Data

X
X

Question Structure

Question Measurement

Closed
Ended

All
Attributes

Open
Ended

X
X

X

Key
Attributes

X
X

X
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Unit of Analysis
Focusing on a single case organisation enables the testing of the “boundaries of well-formed theory” (Benbasat et
al. 1987) but the trade-off is that the findings may not be applicable outside the organisation. A further
complication is trying to isolate and distinguish the boundaries between an end user and the organisations
influence on their actions and perceptions (Leca and Naccache 2006). Some of these impacts are mitigated as at
the time of writing, one of the researchers, is employed by Company X, which allows a deeper understanding of
the influence of differing variables on end users and provides a richer interpretation and correlation of the
findings in a specific contextual setting.

Implementation
To prepare Company X for the study the objectives were verbally communicated and a copy of the survey
provided before being administered. After permission was granted all employees of the identified functional
areas in Table 3 were contacted via email to participate in the survey, this email provided background
information and the objective of the research. At all stages the confidentiality of participants’ response were
assured and that participation was voluntary.
The survey was sent to 77 employees in September 2012 via an email link to survey tool ‘Survey Monkey’. The
specified timeframe for completion was ten working days from the day the email was sent, a follow up email was
sent three days prior to the deadline as a reminder. The survey was structured in two sections the first section
asked questions pertaining to the respondents association to the organisation the second section was designed to
capture data type understanding and usage plus how they rated the importance of DQ attributes within the
organisation across all data types and then specifically to unstructured data.
Survey responses were analysed in totality via two different approaches, descriptive statistical analysis was used
for close-ended questions while axial coding enabled responses of open-ended questions to be classified into
meaningful groups of information (Merisalo-Rantanen et al. 2009). A total of 39 responses were collected
equating to an overall response rate of 50.6% however 11 surveys were not usable because they were incomplete,
thus a total of 28 usable surveys were included in this analysis resulting in a response rate of 36.3%.

FINDINGS
RQ1: Are the existing data quality frameworks developed for highly structured data, still applicable to today’s
organisational environment?
Overall, our findings confirm that a number of attributes of the Wang and Strong (1996) framework are still
applicable to today’s users in particular Accurate, Believable and Understandable which are the top 3 most
important attributes irrespective of data type when defining DQ. The importance of quality data to the decision
making process has remained unchanged hence it is not surprising that these attributes are still considered as key
attributes of quality data irrespective of data type.
The results also indicate a number of attributes were considered important that are not included in the published
framework such as Manipulative, Verifiable and Auditable. A pattern evident in their emergence relates to the
variety of data types that are now currently available to provide insightful information. However, it may be a
contextual nuance due to the number of disparate systems in use requiring respondents to integrate a variety of
internal data sources to perform their roles. Interestingly Manipulative and Verifiable were considered attributes
of the 20 initial dimensions proposed by Wang and Strong (1996) under Ease of Operation and Traceability
respectively. A changing organisational environment highlights the importance of further investigation to
determine wider applicability of these findings or if it is a contextual nuance in defining data quality.
As no attribute definitions were provided it is possible that Verifiable and Auditable are being used
interchangeably an issue noted by Wang and Strong (1996) from their survey. Although this issue of definition
misinterpretation was noted it is possible that respondents deem the attributes to have similar characteristics and
therefore could be incorporated under the same overall dimension. A shift in terminology usage may also be
evident with Up-To-Date, in the context of Company X inferring a meaning of the timeliness of the data. The
decrease in attribute importance may be due to the progression in technology, resulting in data being provided to
end users consistently faster than when the original survey was undertaken in 1996. Without understanding the
meaning assigned to the attributes combined with a small sample size it is hard to draw a definitive conclusion
regarding a shift in terminology usage and definitions. Therefore, further exploration is required to ascertain if it
is a contextual nuance or the existing Wang and Strong (1996) framework requires to be revisited.
Additionally, this study indicated a number of new attributes unconsidered by the Wang and Strong (1996)
framework. The emergence of “Findability” (i.e. ability to find), as worded by the survey participants, can be
explained two ways, firstly it could be a result of the rise in a variety of data sources and secondly it could be
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contextual resulting from no consistent storage structure. Other new terminology such as Adds Market
Awareness, Insightfulness, Usefulness and Context are based on the data being able to add value for respondents
regarding its use. In addition there are new attributes regarding the speed of the data, it is interesting to note that
for unstructured data respondents require Instant Delivery especially with Social media whereas for all data types
the Delivery Speed of the data is not as time sensitive. Although these respondent defined attributes may be more
reflective of Company X’s own organisational language, it does suggests that the framework should be reviewed
pertaining to the terminology and attributes to ensure its applicability for today’s organisations.
Arguably a functional analysis would provide richer insights on the applicability of the adopted framework but
would have defeated the study’s purpose to provide a consensus on the most important attributes from a user
perspective. The small sample size may have inadvertently created a functional bias.
Table 5 below provides a summary of the main points discussed above in relation to the applicability of the
Wang and Strong (1996) framework in Company X’s organisational environment.
Table 5: Applicability of Data Quality Framework Discussion Key Findings
Attribute
Importance

All Data Types*

Unchanged

Accurate; Believable; Understandable

Shift

Verifiable; Auditable; Manipulative

Verifiable; Well-Documented

New

Adds Market Awareness; Insightful;
Findability; Delivery Speed

Instant Delivery; Findability; Context

(*Available at the time the survey was conducted)

Unstructured Data

This discussion confirms that some attributes of the Wang and Strong (1996) framework are still applicable,
however the extent and degree of applicability has changed especially when you note the shift in attribute
importance and emergence of new attributes.
RQ2: Do users’ perceptions of data quality change depending on data type?
The use of differing data types by users of Company X is evenly split between structured and unstructured data
due to a number of functional areas being dual data type users. Interestingly 25% of respondents use social media
in their roles, as consumer oriented organisation. The interconnectivity of society through technology enables
Company X to utilise this type of data to keep in contact with and monitor the views of consumers. Although the
actual use of social media data by Company X is out of the scope of this research, it should be explored in future
research. The findings of this pilot study indicated that a number of attributes such as Accurate, Believable and
Understandable, are considered the most important irrespective of data type. This can be explained in at least two
ways, firstly these attributes are considered essential and applicable across data types, and secondly respondents
have merely transferred their criteria for quality without consideration of the inherent differences in data types.
To gain a deeper understanding further qualitative investigation would need to be undertaken. The attribute
Verifiable was also considered by respondents and given the number and variety of data sources available and
used, it is not surprising that this particular attribute was identified as important for all data types and also
specifically for unstructured data.
The transference of attributes from all data types to unstructured data raises the issue of whether the associated
meanings are transferable. For example, is Accurate defined the same way in relation to unstructured data
especially when one considers the different types of unstructured data like social media or for example, audio or
video data? The imminent answers to these questions create implications for organisations in understanding how
users define DQ and consequently how organisations assess and manage DQ.
Furthermore, when unstructured data are considered in isolation (rather than in combination with structured
data), it is possible to observe a number of attribute differences. For example, Accessible had a higher response
rate in the context of unstructured data. Possible explanations for this are that it is a contextual nuance and due to
the lack of structure in the storing of data, it is predominantly functional and role dependent therefore trapped in
functional silos making it hard for the data to filter functional boundaries. Or it may be due to Internet Usage
policies. Further research would need to be undertaken to establish the applicability outside the boundaries of
Company X. There are similarities and differences in the emergence of attributes in relation to all data types and
unstructured data attributes as defined by respondents being related to the decision making process. However, the
attributes were unique except for Findability which only emerged in relation to Unstructured data. A similar
pattern was noticed with the shift in attribute importance from the Wang and Strong (1996) framework where a
number of attributes were unique expect for Verifiable, Complete and Comprehensive which is found across both
lists. Interestingly, it appears respondents recognise the importance of identifying and locating the data or its
source via the attributes Findability and Verifiable across all data types and unstructured data.
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When unstructured data was isolated Context emerged as a new respondent defined attribute, additionally
Objectivity also had a higher response rate in relation to unstructured data. When considered collectively it
appears respondents are aware of the subjective nature of unstructured data hence placing greater emphasis on
the importance of these attributes.
Table 6 below provides a summary of the main findings discussed above in relation to the applicability of the
Wang and Strong (1996) framework in today’s organisational environment.
Table 6: Data Type Discussion Key Findings
Finding
Category

All Data Types*
(*Available at the time the
survey was conducted)

Unstructured Data

High awareness of structured and
unstructured data

N/A

N/A

Social Media is an emerging data
type

N/A

N/A

Attribute
Classification

Similar irrespective of data type

Accurate; Believable; Understandable; Verifiable

Data type dominant

Manipulative

Accessible; Objectivity

Attribute
Definition

Are meanings assigned to attributes
transferable across data types?

N/A

Accurate; Believable;
Understandable;
Verifiable

Organisational environment created
new attributes importance

Adds Market Awareness;
Insightful; Delivery Speed;
Findability

Instantaneous Speed;
Findability; Context

New attribute importance from Wang
and Strong (1996) framework

Verifiable; Manipulative;
Auditable

Verifiable; WellDocumented

Data
Type
Identification

Attribute
Emergence

Key Finding(s)

REFLECTIONS AND RESEARCH LIMITATIONS
While previous research has adopted and tested the relevancy of the DQ framework by Wang and Strong (1996),
this was not done in the context of today’s’ organisational environment where different types of unstructured data
are becoming more prevalent (Eckerson 2011). This pilot study is important as it provides an initial test to
understand users’ perceptions of quality in relation to unstructured data. Our research outcomes confirm that user
perception of data quality does change depending on data type.
However, it is important to acknowledge some study limitations. Adopting the role of a practitioner-researcher in
an exploratory case study can create a dual influence that is positive and negative. It provides a greater contextual
understanding of the organisation although a consequence is a potential result bias due to organisational
association and it can also prevent the exploration of “issues that would enrich the research” (Saunders and Lewis
2003). To mitigate these drawbacks the survey was implemented to different functional areas and a previously
validated instrument was utilised. All aspects of the research were independently, reviewed by an experienced
researcher with knowledge in the topic area, before being administered. The survey was also, reviewed by a
Senior Leadership Manager at Company X to ensure its appropriateness.
It is also acknowledged the validity of the findings may be questioned due to the lack of extensive statistical
testing, however the intended purpose of this study was not to draw finite conclusions. Rather, it was to provide
an indication of the feasibility to expand the pilot study. This objective was achieved.

CONCLUSIONS AND FUTURE RESEARCH
To maintain the value of data it will be important for organisations to not only be aware of but also understand
how DQ is perceived by its users. This research was inspired by the numerous frameworks that have provided
organisations guidance in understanding DQ from a, users’ perspective. However, on closer inspection, they
failed to isolate data types and identify if user perceptions differ with regard to these data types. This pilot study
provides a preliminary test of the applicability of the Wang and Strong (1996) data quality within the context of
today’s organisations that are characterised be a growing utilisation of a variety of data types, structured and
unstructured.
Results indicate some of the tested attributes of the Wang and Strong (1996) framework, are still applicable
irrespective of data type. However, there is evidence that when data type is isolated to consider only
unstructured data that new attributes have emerged and in addition there has also been a shift in attribute
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importance. It is apparent respondents have a high awareness of and use a variety of data types, of particular
interest is the use of Social media. This is illustrated by an interesting insight that 25% of respondents indicated
they used social media in their role. These insights have implications for organisations and serve as catalyst to
further explore how users define data quality in particular unstructured data.
The contribution of this pilot study to understanding user’s perceptions of DQ in today’s organisational
environment is twofold. Firstly, it explores the relationship between data type and user perceptions within an
organisational setting now utilising a greater variety of data types. Secondly, it extends and builds on the valuable
work of prior research in this area to establish knowledge that is of relevance. This study therefore starts to create
a more comprehensive understanding of user perceived DQ that is reflective of today’s organisational
environment, than what has been achieved in previous studies. Finally, our findings suggest that end users
perceptions of DQ change when data type is isolated i.e. when they consider only unstructured data compared to
all data. This interesting insight calls for further research in order to gain a better understanding of its possible
impact in an organisational environment.
Given the ever changing organisational environment with a greater variety of data types than ever before, further
research is recommended that continues to challenge and test our current knowledge assumptions on end users
perspective of DQ. We envisage this to be a necessary step towards better management of data quality that
remains as one of key challenges for any organisation operating in data-intensive environment of today.
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